The aim of this study is to understand intracellular regulatory mechanisms in peripheral blood mononuclear cells (PBMCs), which are either common to many autoimmune diseases or specific to some of them. We incorporated large-scale data such as protein-protein interactions, gene expression and demographical information of hundreds of patients and healthy subjects, related to six autoimmune diseases with available large-scale gene expression measurements: multiple sclerosis (MS), systemic lupus erythematosus (SLE), juvenile rheumatoid arthritis (JRA), Crohn's disease (CD), ulcerative colitis (UC) and type 1 diabetes (T1D). These data were analyzed concurrently by statistical and systems biology approaches tailored for this purpose. We found that chemokines such as CXCL1-3, 5, 6 and the interleukin (IL) IL8 tend to be differentially expressed in PBMCs of patients with the analyzed autoimmune diseases. In addition, the anti-apoptotic gene BCL3, interferon-g (IFNG), and the vitamin D receptor (VDR) gene physically interact with significantly many genes that tend to be differentially expressed in PBMCs of patients with the analyzed autoimmune diseases. In general, similar cellular processes tend to be differentially expressed in PBMC in the analyzed autoimmune diseases. Specifically, the cellular processes related to cell proliferation (for example, epidermal growth factor, platelet-derived growth factor, nuclear factor-kB, Wnt/b-catenin signaling, stress-activated protein kinase c-Jun NH2-terminal kinase), inflammatory response (for example, interleukins IL2 and IL6, the cytokine granulocyte-macrophage colony-stimulating factor and the B-cell receptor), general signaling cascades (for example, mitogen-activated protein kinase, extracellular signal-regulated kinase, p38 and TRK) and apoptosis are activated in most of the analyzed autoimmune diseases. However, our results suggest that in each of the analyzed diseases, apoptosis and chemotaxis are activated via different subsignaling pathways. Analyses of the expression levels of dozens of genes and the protein-protein interactions among them demonstrated that CD and UC have relatively similar gene expression signatures, whereas the gene expression signatures of T1D and JRA relatively differ from the signatures of the other autoimmune diseases. These diseases are the only ones activated via the Fce pathway. The relevant genes and pathways reported in this study are discussed at length, and may be helpful in the diagnoses and understanding of autoimmunity and/or specific autoimmune diseases.
INTRODUCTION
Autoimmunity is the failure of an organism to recognize its own constituent parts as self, which results in an immune response against its own cells and tissues. Any disease that results from such an aberrant immune response is termed an autoimmune disease.
1 Today, more than 80 clinically distinct diseases are classified as autoimmune diseases. 2 They occur in 3-5% of the population, 3 usually as a result of a myriad of genetic and environmental factors, which lead to altered immune reactivity. 4, 5 Many of the autoimmune diseases may have life-threatening implications. In addition, as often these diseases lead to substantial disability, autoimmune diseases have major socioeconomic consequences.
Some autoimmune diseases are systemic (for example, systemic lupus erythematosus (SLE)), where various tissues are under attack, whereas in others (for example, multiple sclerosis (MS)), the targets of the autoreactive cells are specific to a single tissue. This research includes six autoimmune diseases, namely, MS, SLE, juvenile rheumatoid arthritis (JRA), Crohn's disease (CD), ulcerative colitis (UC) and type 1 diabetes (T1D), with available gene expression measurements.
T1D is believed to be an autoimmune disease where the immune system attacks pancreatic b-cells in the Islets of Langerhans. This may effectively abolish endogenous insulin production.
MS is an autoimmune inflammatory T-cell-mediated disease, believed to result from a misdirected immune attack against central nervous system myelin antigens. The damage of myelin in MS leads to neurological dysfunction. MS attacks mainly young adults (usually between ages 20 and 40 years), and is predominant in women. [11] [12] [13] The role of the different autoimmune cells varies among the analyzed diseases. MS is believed to be an inflammatory T-cell-mediated disease. [11] [12] [13] Inflammatory T cells are also thought to be central to the pathology of autoimmune arthritis.
14 SLE, on the other hand, is mediated both by T cells and B cells. Specifically, it was shown that there is an increased longevity of autoreactive T cells in patients with SLE; however, B cells also contribute to the production of autoantibodies and thus are central to SLE manifestations. [15] [16] [17] A T-cell-mediated immune response has been identified in the mucosa of CD, and is postulated to be the primary precipitating event in CD, 18 whereas in UC there is no strong evidence for T-cell activation, and humoral mechanisms predominate. 18 Finally, T1D is believed to be T-cell mediated and involves interactions between natural killer cells, different dendritic cell populations and T cells. 19 Numerous previous studies have demonstrated that transcriptional profiling of peripheral blood mononuclear cell (PBMC) is a useful tool for identifying gene expression signatures that are related to autoimmune diseases [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] (and a general review in Chaussabel et al. 30 ). A possible explanation for the advantageousness of PMBC in this context is the fact that autoreactive immune cells initiate the autoimmune inflammatory process against the corresponding target organs. 1, [6] [7] [8] [9] [10] 31, 32 The PBMC gene expression analysis of autoimmune diseases is usually performed separately for each illness (see a review in Centola et al.
20
): For example, Achiron et al. 21 identified a statistically significant transcriptional signature of genes in PBMCs from relapseremitting MS patients; Jarvis et al. 32 identified discrete subsets of functionally related genes relevant to JRA pathophysiology; and Baechler et al. 33 showed that patients with SLE exhibit dysregulated expression of genes related to the IFN pathway.
Only a few previous studies compared the gene expression of more than one autoimmune disease. 28, [34] [35] [36] These studies used basic statistical tests for comparing the sets of genes, which were significantly over/underexpressed in these diseases. For example, in a research that was performed in our lab, Mandel et al. 28 compared gene expression of patients with SLE and patients with MS. The study demonstrated that there are genes that are over/ underexpressed only in one of the diseases. However, there is a substantial overlap between genes that are over/underexpressed in MS patients and in patients with SLE. Similarly, Bovin et al. 36 compared RA, chronic autoimmune thyroiditis and inflammatory bowel disease, and concluded that at least some of the genes activated in RA are predominantly or solely related to general and disease-nonspecific autoimmune processes. Another study 35 focused on the disparate gene expression signatures of a pair of autoimmune diseases with similar symptoms, UC and CD. As these two inflammatory bowel diseases share several demographic and clinical characteristics, such gene expression signatures, which can complement the standard diagnosis of UC and CD, may improve the diagnostic process.
In this study, we generalize the previous studies in two main directions. First, we analyze a larger set of six autoimmune diseases; these diseases were normalized and analyzed simultaneously with computational tools that were tailored specifically for this purpose. Ergo, we aim at understanding the genes' signaling pathways activated in PBMC, in all (or many of) the analyzed autoimmune diseases and in specific diseases.
Secondly, we combine the gene expression measurements and physical interactions (protein-protein interactions (PPIs)) to overcome some of the noise and bias of gene expression measurements, 37 and the fact that there are mechanisms of regulation that are post-transcriptional. 38, 39 Such an approach has been successfully demonstrated before for single diseases (that is, cancer 40 and MS 38 ). Thus, in this study we provide the first global systems biology view of gene expression changes in PBMC in autoimmune diseases.
RESULTS
We consolidated a large data set of gene expression measurements of patients with the aforementioned six autoimmune diseases; some of the measurements were downloaded from Gene Expression Omnibus, whereas others were generated in our lab ( Figure 1 ; see details in the Materials and methods section). Each data set included both PBMC gene expression of patients with one of these diseases and gene expression of healthy subjects as a control (see more details regarding the data sets in the Materials and methods section and Table 1 ). The total number of analyzed samples was 393.
Each data set was normalized separately to minimize batch effects, and for each gene in each data set we computed an analysis of variance (ANOVA) P-value (see Materials and methods and Rutherford 41 ). This P-value is based on the mRNA levels in PBMC of the gene in patients vs healthy subjects in the data set; it was more significant if the expression levels (mRNA levels) of the gene increased or decreased more extremely in the group of patients in comparison to the group of healthy subjects. The ANOVA P-value also considers the relevant clinical and demographical characteristics of the patients and healthy subjects, as well as batch effects (Figure 1 ).
In addition, we used a large-scale data set of human proteinprotein interactions (PPI) network, which includes pairs of proteins that have physical interactions with each other (see Materials and methods). These data were used to compute for each gene in each disease, a P-value based on the proteins that have PPIs with the protein it encodes and their expression levels (see more details in the Materials and methods section and Figure 1 ). We named this P-value the PPI P-value, or in-short PPI P-value. Briefly, the PPI P-value of a gene is based on the number of ANOVA significant proteins that have PPI with it; however, the PPI P-value of a gene is not based on the mRNA levels of the gene itself. Intuitively, the PPI P-value is based on the fact that genes that physically interact with relatively many ANOVA significant proteins have a higher probability to undergo regulatory changes themselves (for example, post-transcriptional regulation) and hence are more significant (see more technical details and motivation in the Materials and methods section). Thus, the PPI P-values enable us to detect genes that with high probability undergo regulatory changes that are not necessarily observed in their mRNA levels.
One of the aims of the paper is to perform large-scale analysis of gene expression levels in PBMC of many of the diseases concurrently. Specifically, we aimed at finding genes and cellular functions that are differentially expressed in many of the diseases; some of these genes and cellular functions may contribute to the pathogenesis of many of the analyzed diseases.
To this end, we defined two generalized scores related to the ANOVA and PPI P-values mentioned above: (1) a gene is x-ANOVA significant if it is ANOVA significant in at least x diseases and the direction of the gene mRNA fold change in all these diseases is identical (see Figure 1 and Materials and methods); this score is a generalization of the ANOVA P-value. (2) A gene is x-PPI significant if it is PPI significant based on the x-ANOVA significant genes (that is, a gene is PPI significant with respect to a certain disease if it has significantly many PPI with ANOVA significant genes in that disease; x-PPI significance is a generalization of the PPI P-value; see Figure 1 and Materials and methods). We use a cutoff of xX3 (50% of the diseases) throughout the paper.
In the following sections, we report a systems biology analysis that is based on the ANOVA and PPI P-values or their generalizations ( Figure 1) . Specifically, based on the P-value and scores defined above, we intend to answer the following questions: (1) Which genes are differentially expressed in PBMC in many autoimmune diseases? (2) What cellular processes are differentially expressed in PBMC in many autoimmune diseases, and what are the cellular processes that are specific only to part of the diseases? (3) Is there a significant global gene expression signature of autoimmunity in PBMC in each of the analyzed diseases? Is there a significant global signature in PBMC that is common and specific to all the analyzed diseases? (4) Which of the signaling pathways are differentially expressed in PBMC in many autoimmune diseases, and which of the pathways are specific only to part of the diseases? (5) How are the autoimmune diseases clustered based on their gene expression in PBMC?
Genes that are over/underexpressed in many autoimmune diseases Supplementary Table 1 includes the ANOVA and PPI P-values of all the analyzed genes in each of the diseases. Tables 2 and 3 include the genes that have significant 4-ANOVA and 3-PPI P-values (see also Supplementary Table 2 ). The 4-ANOVA significant genes include various genes related to the signaling and triggering of the immune system, including IFNG and its receptor interleukin IL8, the chemokine CXCL2 and TLR6. These genes are usually related to the upregulation of chemotaxis and proliferation of immune cells, which occur in PBMC of patients with autoimmune diseases.
One prominent gene group with 3-PPI significant P-values is the CXCL chemokines family (CXCL1-3, 5, 6 and CCL4), supporting the fact that one of the common mechanisms in the analyzed autoimmune diseases is inflammation and chemoattraction, to guide the migration of immunological cells. 42, 43 Another important group that appears in many autoimmune diseases, that is both 4-ANOVA and 3-PPI significant, includes the interleukin IL8 and its receptor. This IL has an important role in the Gene expression and protein-protein interactions in autoimmune diseases T Tuller et al inflammatory response that occurs in most of the diseases, and will be discussed at length. 6, 7, 9, 10, 38, 42 Interestingly, the gene VDR (vitamin D receptor) has a significant 3-PPI P-value. This gene encodes the nuclear hormone receptor for vitamin D3. The receptor belongs to the family of trans-acting transcriptional regulatory factors, and exhibits sequence similarity to the steroid and thyroid hormone receptors. Downstream targets of this nuclear hormone receptor are principally involved in mineral metabolism, although the receptor regulates a variety of other metabolic pathways, such as those involved in the immune response and cancer. This result supports the belief that vitamin D protects against autoimmune diseases. 44 Finally, we found that BCL3 has a significant 3-PPI P-value. This protein functions as a transcriptional coactivator through its association with nuclear factor (NF)-kB homodimers. 45 The expression of this gene can be induced by NF-kB, which forms a part of the autoregulatory loop that controls the nuclear residence of p50 NF-kB. As a result, the proliferation and anti-apoptotic signals are increased. 46 Gene ontology groups that are enriched in many autoimmune diseases Next, we performed gene ontology (GO) enrichment analysis based on genes with significant ANOVA and PPI P-values in each disease, to uncover general cellular functions that are overrepresented in the genes that are differentially expressed in each disease (see technical details in the Materials and methods section). The resultant significant GO functions and the corresponding enrichment P-values appear in Supplementary Table 3 . Table 4 includes a summary of the GO functions that are enriched in many diseases when considering genes that have either ANOVA or PPI significant P-values.
As can be seen, cellular processes, which are related to apoptosis, inflammatory response, regulation of cytokines and regulation of T-cell activation, are over-represented in most of the analyzed diseases. Inappropriate cell death and apoptosis may be one of the causes of autoreactive immune response. 47, 48 Thus, in the analyzed diseases there is a proliferation of such autoreactive immune cells in addition to inflammatory response, which is 49 We will discuss these processes in greater detail in the following sections.
Global gene expression signature of autoimmunity We performed several novel tests to demonstrate that there exists a global gene expression signal of autoimmunity. These tests are 'global' as they consider the gene expression of the entire gene set, and the PPIs between the products of these genes.
In the first test, we compared the number of genes that are both ANOVA and PPI significant in the real network to randomized ones (see Materials and methods and '# ANOVA and PPI significant' in Table 5 ). In the second test, in each disease we permuted the genes that were ANOVA significant, and compared the number of genes with PPI significant P-values in the randomized data sets to the original one (see Materials and methods and '# PPI significant' in Table 5 ). In the final test, we compared the mean distance between ANOVA significant genes in the real data to the ones obtained in randomized data sets (see Materials and methods and 'mean distance PPI significant' in Table 5 ).
As can be seen in Table 4 , in each of the six diseases at least one of these global tests was significant (in most of the cases, more than one P-value was significant), demonstrating that there exists a significant global gene expression signature in PBMC in all the analyzed diseases. Thus, these data sets can be effectively utilized to study gene expression signatures in autoimmunity.
Next, these global statistic tests were generalized to check the expression levels of many of the diseases simultaneously, based on the 3-ANOVA and 3-PPI significant genes (see Materials and methods). When we permuted the genes with 3-ANOVA significant P-values, we found that the number of genes that are both 3-PPI significant and 3-ANOVA significant in the original data set was larger than their number in the randomized data sets (P-value p0.05). Furthermore, we found that the mean distance between 3-ANOVA significant genes in the real data is lower than the one obtained in the randomized data sets (Po0.05).
In addition, we permuted the P-values of the genes in each disease and compared the number of 3-ANOVA significant genes in the original data set and the permuted data sets (see Materials and methods). We found that the number of 3-ANOVA significant genes in the original data set was higher (P-value o0.05), Receptor (G-protein-coupled) activity-modifying protein 3
Abbreviations: ANOVA, analysis of variance; CD, Crohn's disease; JRA, juvenile rheumatoid arthritis; MS, multiple sclerosis; SLE, systemic lupus erythematosus; T1D, type 1 diabetes; UC, ulcerative colitis.
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suggesting that indeed the same genes tend to be differentially expressed in the various autoimmune diseases. Altogether, the results reported in this subsection demonstrate that, in comparison to random networks, the protein products of genes that are not only differentially expressed in each disease separately but also that are concurrently differentially expressed in many autoimmune diseases tend to physically interact with each other. These results support the conjecture that the reported signals are biologically meaningful, and that there is a common gene expression signature of autoimmunity in PBMC.
Gene clusters of autoimmunity and disease-specific gene clusters Next, we concentrated on the set of autoimmune genes-that is, the genes that are significantly expressed (by the ANOVA P-value) in at least three diseases, and the direction of their gene expression shift is identical in all these diseases. The projection of these genes on the PPI network appears in Figure 2a . The graph includes 94 genes and is enriched with genes related to inflammatory response (P ¼ 3.5 Â 10 À 12 ), chemotaxis (P ¼ 4 Â 10 À 11 ) and cytokine-cytokine receptor interaction (P-value ¼ 4 Â 10
); in addition, it includes process related to small chemokine, IL8-like (P ¼ 2.95 Â 10
), lymphocyte activation (P ¼ 6 Â 10
) and processes related to regulation of transcription from RNA polymerase II promoter (P ¼ 3 Â 10 À 4 ; see more results in Supplementary Tables 4 and 5 ). Specifically, among others, the autoimmune network includes chemokine and chemokine receptors (CCR4, CCL3, CCR1, CCL7, CXCL3, CXCL2 and CXCL1), IL1 and IL8 and their receptors (IL8RB, IL8, IL8RA, IL1RAP and IL1R2), IFNs and proteins related to their regulation (IRF8, IRF2, IFNG and IFNGR2). Table 3 . Genes that are 3-PPI significant (see Materials and methods), their fold change and a description of each gene
Protein-interaction based P-values

Gene symbol
Fold change direction (1, increase; À 1, decrease) Abbreviations: N/A, not applicable; PPI, protein-protein interaction. The fold change was determined only if the gene was ANOVA significant in at least three diseases, and had the same direction as the fold change.
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The size of the graph that appears in Figure 2a was significantly larger than the graph sizes obtained for the randomized networks (Po0.05; see Materials and methods). In most cases, the size of the graph was also significantly larger when we permutated each of the diseases separately (Pp0.05 for T1D, UC, CD and MS; see Materials and methods); these results demonstrate that the graph is the result of a combination of gene expression patterns in most of the diseases, and also due to a small subset of them.
For the most part, in this study we concentrate on the genes and subnetworks that are common to many autoimmune diseases. In the rest of this subsection, we aim to study the subnetworks that are specific to each disease. To this end, we plotted for each disease, the subnetwork composed of the genes that are ANOVA significant only in that disease, which interact with at least one additional gene that is ANOVA significant in the same disease (see technical details in the Materials and methods section). With high reliability, the genes in each subnetwork are differentially expressed only in one disease.
The resultant disease-specific gene clusters appear in Figure 2b ; GO enrichment analyses of each cluster appear in Figure 2c (see also Supplementary Tables 6 and 7) . Interestingly, most of the disease-specific gene clusters relate to cellular processes, such as 'regulation of apoptosis' or 'chemotaxis'. However, by the definition of these clusters, it seems that these cellular processes are activated via different regulatory processes in different diseases. Specifically, in each disease, cellular processes related to disparate regulatory mechanisms were enriched with 'transcription from RNA polymerase II promoter' in MS; 'chromatin modification' and 'RNA splicing' in SLE; 'regulation of I-kB kinase/ NF-kB cascade' in JRA; 'mRNA/rRNA processing and transport' in CD; 'chromatin assembly or disassembly' and 'phosphorylation' in UC; and 'translational initiation' in T1D.
Pathways of autoimmunity In this section, we perform a comprehensive study of the pathways that are common to many autoimmune diseases. Figure 3 includes pathways that are enriched with significant genes (either ANOVA or PPI significant) in at least one autoimmune disease (see technical explanations in the Materials and methods section). The figure demonstrates that autoimmune diseases tend to have similar enriched pathways. Specifically, a major fraction of the pathways were enriched in more than one disease. Among the top pathways that are enriched in many diseases we found: (1) epidermal growth factor, platelet-derived growth factor, NF-kB, Wnt/b-catenin signaling, stress-activated protein kinase c-Jun NH2-terminal kinase pathways, which are related to proliferation and pathways related to metabolism, such as PPARa; (2) general signaling cascades, such as mitogenactivated protein kinase, extracellular signal-regulated kinase, p38 and TRK; and (3) pathways related to the interleukins IL2 and IL6, the cytokine granulocyte-macrophage colony-stimulating factor, inflammatory response via the glucocorticoid pathway and B-cell receptor.
Additional pathways that are enriched in at least three diseases and that have not been mentioned above include: IL4, IL10, IFN, vascular endothelial growth factor, ephrin, tumor growth factor-b, cAMP. The association of some of these pathways with autoimmunity have been previously suggested. For example, the abnormal expression of the IFN pathway in PBMC has been associated with SLE 33, 50, 51 and MS. 25 We found only few signaling pathways that are very significant only for a low portion of the diseases (that is, in one to two diseases; Figure 4 ). One such pathway is ubiqutination, which exhibits a strong signal of regulation only in T1D. Another pathway is the Fce RI pathway, which is significantly enriched in T1D and JRA.
In the rest of this section, we used the Ingenuity software (http://www.ingenuity.com/) and the literature for generating the pathways that are common to many of the analyzed autoimmune diseases. We analyzed the set of genes that are either 3-ANOVA significant or 3-PPI significant (see Materials and methods) Gene expression and protein-protein interactions in autoimmune diseases T Tuller et al Figure 2 . (a) Genes that are clustered in the PPI network and that are differentially expressed in at least three autoimmune diseases (the list of genes in this network and additional details about them appear in Supplementary Tables 4 and 5) . We considered only genes with at least one neighbor in the projection. (b) Clusters of genes specific to each of the diseases (see Supplementary Table 6 and Materials and methods). (c). GO functions with top enrichment scores (all of them passed FDR) for each disease-specific cluster; see Supplementary Table 7 .
together with the pathways that are enriched in the diseases mentioned above. A graph with the network (set of pathways) that includes genes that are significantly expressed in many diseases appears in Figure 4 . As can be seen, the resultant autoimmune pathways include genes related to proliferation and inflammatory responses. One branch that leads to proliferation is initiated with the protein kinases MAP2K4, which has a 3-ANOVA significant score (ANOVA significant in CD, UC and SLE; all P-values o0.01). These kinases eventually activate the FOS gene (ANOVA significant in CD, UC, MS and T1D; all P-value o0.036), which encodes the leucine zipper protein, that can dimerize with proteins of the JUN family, 52 Figure 3. Pathways enriched in at least one autoimmune disease (see Materials and methods): The significant P-values are in red. Pathways that are enriched in many diseases are at the beginning, whereas the disease-specific pathways are at the end. The corresponding P-values of each pathway in each disease appear in the figure (E À x denotes 10 À x ).
thereby forming the transcription factor complex AP-1. As such, the FOS protein has been implicated as regulators of cell proliferation, differentiation and transformation. In some cases, expression of the FOS gene has also been associated with apoptotic cell death. The branch that leads to inflammatory response initiates with the cytokine IL1 (IL1B significantly upregulated in MS, CD, T1D and JRA; all P-value o0.03) and its receptor IL1R (IL1R2; ANOVA significant in MS, CD, UC and T1D; all P-values o0.01); many other members of the IL1 family were also ANOVA significant in many diseases (for example, the genes IL1RN, IL1RAP). IL1 is a pleiotropic cytokine involved in various immune responses, inflammatory processes and hematopoiesis. This cytokine is produced by monocytes and macrophages as a proprotein, which is proteolytically processed and released in response to cell injury, and thus induces apoptosis and inflammation. It has been suggested that the polymorphism of these genes is associated with SLE.
53 IL1 eventually activates the NF-kB pathway (which is enriched in five autoimmune diseases: MS, CD, UC, T1D and JRA; all P-values o0.007; Figure 3 ), which is a transcription regulator that is activated by various intra-and extracellular stimuli, such as cytokines, oxidant-free radicals, ultraviolet irradiation and bacterial or viral products. Activated NF-kB translocates into the nucleus and stimulates the expression of genes involved in a wide variety of biological functions. Inappropriate activation of NF-kB has been associated with a number of inflammatory diseases, [54] [55] [56] whereas persistent inhibition of NF-kB leads to inappropriate immune cell development or delayed cell growth. 56 NF-kB pathway eventually regulates the IL8 cytokine (3-PPI P-value ¼ 0.0003; ANOVA significant in MS, CD, UC and T1D; all P-values o0.02), which is a member of the CXC chemokine family. The IL8 activates IL8R (ANOVA significant in CD, UC and T1D; all P-value o0.009). IL8 is one of the major mediators of the inflammatory response. It is secreted by several cell types, functions as a chemoattractant with an important role in inflammation (it signals immune cells (neutrophils) to enter the site of inflammation) and is also a potent angiogenic factor. Thus, IL8 triggers migration and adhesion (see also Tuller et al. 38 ). Additional cytokines that are regulated by the NF-kB pathway are IL4 (which is enriched in CD, T1D, SLE and JRA; all P-values o0.04; Figure 3 ) and IL6 (which is enriched in MS, CD, UC, T1D and JRA; all P-valueso0.006; Figure 3 ). IL6 can also act as a proinflammatory (but also anti-inflammatory) cytokine. 57 It was suggested that this gene is relevant to the pathogenesis of diseases such T1D, 58 SLE 59 and RA; 60 the results reported here suggest that it is also relevant to the pathogenesis of additional autoimmune diseases. IL4 may have an important role in regulating inflammation, 61 usually it has anti-inflammatory effect, and it also regulates the proliferation of B and T cells. 62, 63 Another mechanism that leads to inflammation is via the mitogen-activated protein kinase pathway that is enriched in five autoimmune diseases (MS, CD, UC, T1D and JRA; all P-values o0.01; Figure 3 ), which eventually regulates inflammation via the NF-kB pathway. Finally, our results also suggest the regulation of proliferation via the TRK pathway that is enriched in five autoimmune diseases (SLE, CD, UC, T1D and JRA; all P-values o0.03; Figure 3 ). The activation of this pathway in PBMC has been reported before; 64 here we suggest that it may be relevant to the pathogenesis of the analyzed autoimmune diseases. This pathway starts with the enhancing of TRK with IL4, 64 as mentioned above, which enhances the gene NT-3 (an inducer of TRK). Eventually TRK pathway activated BCL3 (3-PPI P-value o0.02), which, as we mentioned before, induces proliferation.
Distances between autoimmune diseases
The aim of this subsection was to cluster the autoimmune diseases according to their global changes in the PBMC gene expression signature. To this end, we computed a distance between each pair of diseases, which is based on the genes that are ANOVA significant in the diseases, and the distances between them in the PPI network. Thus, the distance between a pair of diseases considers both the ANOVA P-values and the PPI network; roughly speaking, if the ANOVA significant genes in a pair of diseases tend to be closer in the PPI network, the diseases are more similar (see details in the Materials and methods section). The distances between all the disease pairs appear in Figure 5a , and the resultant clustering of the diseases (see Materials and methods) appears in Figure 5b .
As can be seen in Figure 5 , the two inflammatory bowel diseases, CD and UC, have a relatively similar gene expression signature. Thus, the similar phenotypes of these diseases are manifested also in the changes of the expression levels of patients with the disease in comparison to healthy subjects. Indeed, 85% of the cases with CD and UC appear in the 3-ANOVA significant group (therefore, we also provide a list of 2-ANOVA significant genes in Supplementary Table 2 ). The systemic autoimmune disease SLE, and also MS, are positioned in the 'middle' of the clustering tree, whereas the gene expression signatures of T1D and JRA are relatively different from the signatures of the other diseases.
DISCUSSION
In this paper, we reported the first large-scale systems biology analysis of autoimmune diseases, by analyzing their gene expression in PBMC, and by employing a novel projection of it on the human PPI network. First, we reported lists of genes with significant P-values in many diseases; previous studies analyzed a smaller set of diseases, not necessarily in PBMC, and without estimating post-transcriptional regulation based on the PPI network. At the next step, we performed a GO enrichment analysis of the significant genes in each disease separately, and reported the GO groups that are enriched in many autoimmune diseases. We continued with an analysis of each disease separately, and demonstrated, for the first time, that in each disease there is a significant global gene expression signal in PBMC that is related to the disease; we also found a significant global signal of autoimmunity when we analyzed the genes that are common to many autoimmune diseases. Next, we analyzed, for the first time, the projection of the common autoimmune genes and the disease-specific genes on the PPI network, showing that in both cases genes related to apoptosis are Figure 4 . Signaling pathways and sub-PPI networks that are similarly expressed in many autoimmune diseases. Black boxes denote 3-PPI significant genes, dashed boxes denote enriched pathways and red boxes denote overexpressed 3-ANOVA significant genes.
over-represented, whreas the common autoimmune genes include inflammatory genes. Additional analysis of the common autoimmune genes demonstrates that inflammation and proliferation are the common pathways that are differentially expressed in autoimmune diseases.
Finally, we demonstrated a novel robust approach for comparing gene expression in diseases. We showed for the first time that CD and UC, known to have similar phenotypic characteristics, also exhibit relatively similar gene expression patterns in PBMC. The paper includes discussions about relevant genes and pathways. However, due to lack of space, many additional relevant genes appear in the Supplementary Tables. For example, the protein IL17 is a highly proinflammatory cytokine that has been reported to be upregulated in transcription in many autoreactive T-cell lines of many autoimmune diseases (see, for example, Nistala and Wedderburn 14 and Mandel et al. 65 ). Indeed, this gene is ANOVA significant in two diseases (MS and SLE), but it did not pass the threshold to be included in Table 2 .
One of the major conclusions derived from this paper is that there is a robust, biologically meaningful, significant common signature, which appears in the analyzed diseases. Thus, although target tissues of the autoreactive cells differ among different autoimmune diseases, there are common 'autoimmune' signaling pathways that are triggered in PBMC in many of the diseases (Figure 2a and Figures 3 and 4) . Moreover, cellular pathways that tend to be abnormally expressed in a certain autoimmune disease are expressed, with high probability, in additional diseases (Figure 4) . Specifically, we show for the first time that it is relatively difficult to find pathways that are differentially expressed only in a small subset of the diseases (Figure 4 ). To verify that the set of autoimmune genes is indeed specific to autoimmune diseases and not differentially expressed in non-autoimmune diseases, we performed a statistical test that compares the set of 3-PPI and 3-ANOVA genes to the set of genes that are differentially expressed in many other non-autoimmune diseases (a total of 367 diseases; details are given in the Materials and methods section). We found that the two sets of genes are indeed not similar (P ¼ 0.05). Thus, many of the autoimmune genes and pathways that are reported in this study can be used as a general biomarker of autoimmune disease diagnosis.
On the other hand, we show for the first time that in each disease the autoimmune pathways such as apoptosis and cellular functions are regulated via different regulatory mechanisms. Thus, as we report in this paper, there are dozens of genes, subpathways and subnetworks that are specific to each disease (Figures 2b and  c) . These genes and pathways can be used as biomarkers for a more refined, disease-specific diagnosis.
The three major pathways that are emphasized in most of the stages of our analysis are the downregulation of apoptosis, and the upregulation of inflammation and cell proliferation (for example, the pathways epidermal growth factor, platelet-derived growth factor, NF-kB, Wnt/b-catenin signaling, stress-activated protein kinase c-Jun NH2-terminal kinase pathways, and p53, vascular endothelial growth factor) that are partially mediated via various interleukins and cytokines (for example, IL2 and IL6, granulocyte-macrophage colony-stimulating factor, glucocorticoid pathway, B-cell receptor, IL4, IL10, IFN, tumor growth factor-b), and signaling pathways such as mitogen-activated protein kinase, extracellular signal-regulated kinase, p38, TRK, ephrin and cAMP. Specifically, we found apoptosis to be also enriched when we analyzed genes that are specific to each disease, demonstrating that downregulation of apoptosis is performed by different regulatory mechanisms in each disease. Apoptosis, programmed cell death, is a process that occurs in various cells in multicellular organisms. 39 It can be triggered by extracellular (for example, growth factors and cytokines) or intracellular (for example, damage to the DNA) signals. The intracellular pathways are usually controlled by the Bcl2 family members, whereas the extracellular pathways are usually controlled by death receptors. 39, 66 Apoptosis has an important role in T-cell maturation: thymocytes expressing non-functional or autoreactive TCRs are eliminated by apoptosis during development. Apoptosis also leads to the deletion of expanded effector T cells during immune responses. Similarly, immature B cells are tested for autoreactivity by the immune system before leaving the bone marrow. The immature B cells whose B-cell receptors bind too strongly to self-antigens will not be allowed to mature and may be eliminated by apoptosis. 39 Thus, the dysregulation of apoptosis in the immune system results in autoimmunity. 66, 67 Furthermore, in general, tissue homeostasis is maintained through a balance between cell proliferation and apoptotic cell death. Thus, as we demonstrate here, both the downregulation of apoptosis and the upregulation of cell proliferation contribute to autoimmunity. One contribution of this paper is the detailed lists of genes that are involved in these pathways in autoimmune diseases (see also Supplementary  Tables 1, 2, 4 and 6) .
A report of the single-nucleotide polymorphisms that are common to many autoimmune diseases, which was published recently, includes a relatively short list of genes that appear in at least three of the analyzed autoimmune diseases:
68 PTPN22, IL23R, NRXN1, KIAA1109, EPHA7, TRIM27, TNFAIP3, TNKS and C20orf42. Interestingly, none of these genes have significant 3-ANOVA P-values or 3-PPI P-values. However, EPHA7 is 2-ANOVA significant (in CD and UC); this gene belongs to the ephrin receptor subfamily of the protein-tyrosine kinase family and was mentioned above as a pathway significantly enriched in several diseases. This result demonstrates again the differences between genes' single-nucleotide polymorphisms analysis and gene expression analysis. It is probable that some of these single-nucleotide polymorphisms are causal and that they eventually affect at least one of the aforementioned pathways (apoptosis, inflammation and proliferation). However, as we previously mentioned, the regulatory changes caused by these genes are not necessarily at the mRNA level, or they may be too weak to be detected by a microarray, or/and by our PPI P-value. Our approach may successfully detect regulatory changes 'downstream' to these genes. This fact emphasizes the need for incorporating additional data when analyzing mRNA measurements in diseases, as was done here with PPIs. When an additional qualitative relevant largescale data (for example, measurements of miRNA and tRNA levels, highly qualitative network of miRNA and their targets, highly qualitative network of transcription factors and their targets) will become available, the approach described here can be further improved.
Finally, this paper includes a novel clustering of autoimmune genes (Figure 2) , as well as a disease clustering according to their gene expression signature in PBMC ( Figure 5 ). The results are relatively robust as they are also based on the PPI network. We believe that such an approach can be generalized for the classification of other groups of diseases (for example, cancers, diseases of the nervous system or metabolic diseases), as well as groups of patients within a disease. Such a classification may be useful in personalized medicine, and for evaluating the possibility of employing similar medical treatments in different diseases or patients that have a similar fingerprint. In addition, our approach can be useful for developing an accurate model of the pathogenesis of various diseases, setting the basis for the development of more rational therapeutic approaches.
MATERIALS AND METHODS
The studied populations Some of the clinical and demographical characteristics and other relevant information of each of the analyzed data sets appear in Table 1 .
In all cases we analyzed, the gene expression of the aforementioned diseases in PBMC. As autoreactive PBMCs initiate the autoimmune inflammatory process against the corresponding target organs, 1, [6] [7] [8] [9] [10] 31 transcriptional profiling of PBMCs is a useful tool for identifying diseaserelated specific and common autoimmune signatures, and has been conventionally used in this setting. [20] [21] [22] [23] Clinical and demographical information regarding the analyzed patients
In this subsection, we provide clinical information about the analyzed data sets.
MS: Clinical information about the MS patients appears in Table 1 (see also Supplementary Information and in Tuller et al.
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). Specifically, the mean age of the patients and the healthy subjects was very similar (around 35 years), and we included more than 50% women in the group of healthy subjects. All the MS patients were diagnosed with definite MS according to the McDonald criteria. 69 MS relapse was defined as the onset of new objective neurological symptoms/signs or the aggravation of existing neurological disability, not accompanied by metabolic changes, fever or other signs of infection, and lasting for a period of at least 48 h accompanied by objective change of at least 0.5 in the Expanded Disability Status Scale score. Confirmed relapses and Expanded Disability Status Scale scores were recorded consecutively. SLE: The five SLE patients (mean disease duration 8.4 ± 5.6 years) were free of cytotoxic agents or immunomodulatory drugs for at least 30 days before blood was withdrawn. All participants had peripheral blood counts within the normal range. 28 In addition, the male-to-female ratio was identical in both groups and the mean age was very similar (around 43 vs 45 years).
CD and UC: In the cases of CD and UC, blood samples for pharmacogenomic analysis were collected at the North American and European clinical sites from a total of 42 apparently healthy individuals, 59 CD patients and 26 UC patients participating in three distinct clinical trials (two CD and one UC trial). 35 The mean age was very similar in the two groups (for example, around 47 vs 44 years). The female to male ratio was different; however, both groups included both females and males and the ANOVA P-value controls for this bias.
CD patients had CD activity index scores 70 ranging between 220 and 400, with an abdominal pain rating of X25 and/or a diarrhea rating of X25. Diagnosis of CD for at least 6 months was confirmed by radiological studies, endoscopy with histological examination or surgical pathology; patients with a diagnosis of CD were included if the diagnosis was confirmed by a biopsy. UC patients had scores from the Physician's Global Assessment of the Mayo Ulcerative Colitis Scoring System, ranging from mild to moderate (scores of 1 or 2). 71 The diagnosis of left-sided UC was provided by endoscopy with biopsy, in addition to the standard clinical criteria.
Investigation of concomitant medication usage between the two inflammatory bowel disease populations indicated that neither 5-aminosalicylic acid nor any of the other less frequently used drugs reported as concomitant medications confounded the comparisons in this study. 35 JRA: In the case of JRA, 26 chronic arthritis patients seen at the Cincinnati Children's Hospital Medical Center Rheumatology Clinic were assessed for clinical phenotype by retrospective chart review. 27 The ACR diagnosis and classification criteria 72 are the common system in the United States, and in all instances there was sufficient information in the charts to classify patients by course according to these criteria. Of the 15 patients with polyarticular course, three had pauciarticular onset, nine had polyarticular onset and three had systemic onset. Information about the presence or absence of rheumatoid factor in seven patients was not available. These patients were classified as if they were rheumatoid factor-negative with respect to juvenile idiopathic arthritis 32 classification. The patients and control groups have similar mean age (15.9 vs 14.1 years) and similar female to male ratio (8/7 vs 6/5).
T1D: In the case of T1D, blood samples were obtained from 43 newly diagnosed T1D patients. 29 We did not consider the samples that are 1 and 4 months after diagnosis (to avoid duplicates). Patients with type 2 diabetes were distinguished from T1D on the basis of age, body habitus, presence (11 of 12 patients) of acanthosis nigricans, family history of type 2 diabetes (11 of 12 patients) and absence of autoantibodies to insulin, IA-2 and GAD65. All but two of the T1D patients with positive anti-insulin antibodies were also positive for at least one additional autoantibody. One teenager with putative T1D was excluded from the study because he was negative for all three antibodies. The patients and the control groups have similar mean age (9.5 vs 10.9 years) and close to identical female to male ratio (25/18 vs 14/10).
RNA isolation and microarray expression profiling in MS and SLE
In the case of the MS, which were generated in our lab, PBMCs were separated on Ficol-Hypaque gradient, total RNA was purified, labeled, hybridized to a Gene chip array (HU133A-2 in the case of MS) and scanned (GeneArray scanner G2500A, Hewlett Packard, Palo Alto, CA, USA) according to the manufacturer's protocol (Affymetrix Inc., Santa Clara, CA, USA).
The normalization and analysis of the gene expression data sets
In the case of MS, we used the Sheba MS center-recorded computerized clinical follow-up and blood gene expression measurements data set. This data set includes information about demographical variables and batch effects, such as age, gender and time of blood sampling. In the case of the other diseases, we used the demographical variables and batch effects from the relevant papers and from Gene Expression Omnibus.
The following data analysis was performed by MATLAB (The MathWorks, Inc., Natick, MA, USA). Expression values were computed from raw CEL files by applying the background adjustment and robust multichip average background correction algorithm. Each of the data sets underwent quantile normalization. At this stage, we averaged the expression levels of all the probes of a gene to get an estimation of the expression levels of the gene.
In the next step, in each of the data sets we computed significantly over/ underexpressed genes based on ANOVA, 41 considering batch effects that were available in each case (such as scan date, chip type and also the age and gender of each patient). Although it is usually impossible to remove all batch effects, we aim to minimize them.
The following batch effects were considered (these are effects for which the required information was available for all the analyzed patients Gene expression and protein-protein interactions in autoimmune diseases T Tuller et al and healthy subjects): MS-scan date, serial number, age and gender; T1D-ethnicity, race, age and gender; JRA-scan date; CD-age, gender and race; SLE-scan date and chip type; and UC-age, gender and race.
To avoid the statistical problems corresponding to merging various sources of gene expression, the analysis was performed for the gene expression measurements of each autoimmune disease separately.
In addition, we performed the following procedures:
In the case of T1D: (1) We normalized each chip (U133A, U133B) separately.
(2) For each gene, we choose the minimal P-value (between U133A and U133B). (3) The fold change of each gene was determined by the chip that gave the more significant P-value.
In the case of SLE:
The data set included two types of chips (seven samples from U95 and three samples from U133). We considered only the common genes and performed ANOVA based on all the measurements.
In the case of CD and UC: We took the relevant files for each data set (excluded UC from CD and vice versa). In this case, there were no CEL files, thus we only performed quantile normalization on the data from the GSE soft file.
In the case of JRA, we considered patients with poly-JRA.
Comparing data from different types of DNA chips
In general, in each disease we translated (based on the Affymetrix annotation tables) the probes to genes (average over all probes), and in the various tests between diseases we consider only the genes that are common to all the diseases (9273 genes).
The Homo sapiens PPI network
The human PPI network was gathered from public databases 73, 74 and from recently published papers. 75, 76 The final reconstructed network included 7915 proteins and 28 972 PPIs (6850 proteins and 25 931 PPIs appear in the analyzed chips).
General notes about the statistical analyses
The paper includes four general types of P-values/scores: (1) P-values/ scores of single genes in a single disease (PPI P-value and ANOVA P-value); these P-values are similar to the ones reported in previous papers. (2) P-values/scores of single genes in multiple (at least 50%-three) diseases (3-PPI P-value and 3-ANOVA); these P-values/scores are generalizations of the P-values in (1) . (3) Enrichment P-values related to pathways or cellular functions based on (1) (specific disease) or (2) (multiple diseases). (4) Global P-values related to the entire set of genes and the PPIs between them. These P-values can also be related to a specific disease (1) or multiple diseases (2) . In some of the cases, false discovery rate (FDR) filtering was not needed (for example, case (4)), but in other cases we perform FDR filtering.
Most of the statistical and computational approaches employed in this study (for example, the PPI P-value in (1) and (3), pathway enrichment in multiple diseases in (3), global P-values in (4) and clustering of genes on PPI networks) were tailored for this study and cannot be performed by public tools such as the 'gene expression atlas' (http://www.ebi.ac.uk/gxa/).
Genes that are ANOVA significant in many autoimmune diseases As we defined in the Results section, genes that are ANOVA significant in at least x diseases were named x-ANOVA significant genes.
Gene-specific P-values based on the PPI network and the gene expression of all the diseases
We begin this section with a brief motivation related to the advantages of the PPI P-values. Regulation of gene expression is a multistep process that includes, among others, the following steps: transcription of the gene to pre-mRNA, splicing of pre-mRNA, degradation of mRNA, translation of mRNA to proteins and degradation of proteins (see, for example, Alberts et al.
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). Many of these stages are mediated and regulated by proteins via protein-protein and protein-DNA interactions, or by RNA genes such as miRNA via RNA-RNA interactions.
It is important to remember that since proteins are the 'machines' that perform most of the cellular functions, we are interested in detecting changes in the protein levels of genes in the different diseases in comparison to healthy subjects (in the case of this paper, autoimmune diseases). However, researchers in the field usually use mRNA levels (or changes in the mRNA) as a proxy to protein levels (or changes in the protein levels), simply since today it is technically much easier to perform large-scale measurements of mRNA levels than to perform large-scale measurements of protein levels. For example, there are large-scale, relatively 'cheap', technologies such as DNA chips and deep sequencing for measuring mRNA levels, but no similar technologies for measuring protein levels.
Thus, in many cases, because of the post-transcriptional regulatory steps mentioned above, the changes in protein levels cannot be detected at the mRNA levels; similarly, it is possible that we detect changes at the mRNA levels while there are no significant changes in protein levels (for example, because of noise in mRNA measurements and/or regulatory reasons). For example, if in a disease miRNA molecules bind to the mRNA molecule of a gene and decrease its translation rate, the protein levels of the gene will decrease, but its mRNA levels will not change; in this case, if we use microarray technology for measuring mRNA levels, we will not see the decrease in protein levels of the gene in the disease.
Indeed, it was shown that gene mRNA levels explain only around 30% of their protein abundance variance in human and yeast; 77, 78 however, there are significant correlations between the various regulatory stages (for example, there is significant correlation between mRNA levels and protein levels 77, 78 ). How can we detect post-transcriptional regulatory changes in diseases based on mRNA measurements?
Cellular processes usually involve sets of genes and proteins that interact with each other to perform various functions: for example, the apoptosis process includes the following physical (protein-protein) interactions:
Grb2/SOS-Ras-Raf-Mek--4MEKK, and so on. If indeed there are regulatory changes in a pathway, we expect to see changes in the protein levels of all (or most) of the genes in the pathway. Thus, if we observe that many of the proteins that interact with the product of a gene undergo significant changes in their transcription levels (that is, the gene has significant PPI P-value), with high probability this gene also undergoes these regulatory changes. It is possible that we do not observe these regulatory changes at the transcription level because of noise or biases in the mRNA measurements, or because of the fact that the regulatory changes in the gene are not at the transcription step but at the other aforementioned regulatory steps (for example, degradation, translation, PPIs, and so on). The PPI P-value is based on this idea (that is, 'guilt by association')-if the protein product of a gene has significantly many PPIs with genes that undergo significant changes in their mRNA levels, with high probability it also undergoes regulatory changes (not necessarily at the mRNA levels). For example, in the case of the apoptosis subpathway above, if we observe changes in mRNA levels of the genes encoding the proteins upstream of Raf (the gene Ras), and also in the mRNA levels of the genes encoding proteins downstream of Raf (the gene Mek), it increases the probability of all the pathways, including Raf that undergo regulatory changes.
To compute a P-value related to this idea, we invented the PPI P-value approach. Figure 6 includes an illustration of the PPI P-value approach. The left part of the figure includes the PPIs with the product of a target gene (in red). Each node in the graph corresponds to a protein, a node is black/white if the mRNA levels of the protein are significantly different in the disease vs the controls; an edge between two nodes represents PPI. As can be seen, Figure 6 . Illustration of the PPI P-value computation (see explanations in the main text). A full colour version of this figure is available at the Genes and Immunity journal online.
the target gene has PPIs with six proteins, out of which five are ANOVA significant (black).
The right part of the figure represents the same PPI network after randomizing (permutation of the black and white nodes). As can be seen, in this case the target gene has PPI with only one black node (out of six PPIs), which is much lower than in the case of the real data. The PPI P-value is based on such a comparison to random networks; specifically, we compute the probability that each of the genes in the network will have similar (or larger) number of PPIs with proteins/nodes that are ANOVA significant in a randomized network.
Indeed, approaches similar but not identical to the PPI P-value mentioned in this study have already been successfully employed in cancer and MS. 38, 40 Now we describe the technical details related to computing the PPI P-values.
For each gene, we computed a P-value (PPI P-value) that was based on the protein interaction network in the following manner:
(1) For each protein in the network, we computed a hypergeometric P-value that is based on the number of proteins, which interact with it and are differentially expressed in at least x diseases (we used x ¼ 3; that is, 3-ANOVA significant), the total number of differentially expressed proteins and the topology of the PPI network. Roughly speaking, a larger number of interacting genes that are x-ANOVA significant correspond to a more significant P-value. We named this P-value x-PPI-network P-value (PPI-network P-value) and calculated it as follows: Let n i denote the number of genes interacting with gene i, let m i be the number of interactions with gene i that are x-ANOVA significant, let N be the total number of genes in the network and let M be the total number of x-ANOVA significant genes in the network. The x-PPI-network P-value of gene i is:
We also computed an x-PPI-network P-value for each gene in a specific disease. In this case, the P-values were computed as above, but with x ¼ 1 (that is, 1-PPI-network related to 1-ANOVA significant genes).
A global P-value for the number of genes with significant x-PPInetwork P-values A global P-value, which is related to the number of genes with significant x-PPI-network P-values, was computed as follows:
Repeat 100 times: (1) Randomly choose a subset of genes of size M. (2) Assume that the subset of genes that was chosen in 1 includes the x-ANOVA significant genes, and compute for all genes the x-PPI P-value mentioned above. (3) Compute the empirical probability (frequency) that the number of genes with significant x-PPI P-values obtained in the random network is larger (or equal) to the number of genes with significant x-PPI P-values obtained in the original network.
A global P-value for the number of genes with significant x-PPInetwork and x-ANOVA P-values
This global P-value was computed in a manner similar to the P-value above but with the modification that we computed the frequency/probability that the number of genes with both significant x-PPI P-values and x-ANOVA P-values obtained in the random network is larger (or equal) to the number of genes with significant x-PPI P-values and x-ANOVA P-values obtained in the original network.
A global P-value for the number of genes with significant x-ANOVA P-values, which interact with x-ANOVA significant gene(s)
This P-value corresponds to the number of genes in Figure 2a , and was computed in a manner similar to the two previous P-values.
A global P-value for the distance between x-ANOVA significant genes in the PPI network
The aim of the global P-value described in this subsection is to demonstrate that genes with x-ANOVA significant P-values tend to be close to other genes with x-ANOVA significant P-values in the PPI network. Therefore, the observed changes in the gene expression are not random. This global P-value was computed as follows: (1) Find for each gene that is x-ANOVA significant, the distance to the closest gene in the PPI network that is also x-ANOVA significant. Compute the mean distance. Repeat 100 times. (2) Randomly select a subset of M genes and assign them to the nodes of the x-PPI network such that the degree distribution of these nodes will be identical to the degree distribution of x-ANOVA significant nodes in the original graph. (3) Find the mean distance between each of the M random x-ANOVA significant nodes and its closest neighbor, and compute the mean distance. (4) Compute the empirical probability (frequency) that the random network has a smaller (or equal) mean distance than the mean distance in the original one.
The effect of a single disease on the global P-values
To show that the global P-values reported above are not related to a small subset of the diseases, we performed the statistical tests reported above when randomizing only one of the diseases at a time. Specifically, for each disease i with M i ANOVA significant genes, in each of the randomization steps, we randomly selected subsets of M i genes, assuming that these are the ANOVA significant genes in disease i, while keeping fixed the set of ANOVA significant genes in the other diseases.
A P-value for comparing the autoimmune genes to general disease genes To compare general disease genes to the autoimmune genes, we performed the following test: (1) The autoimmune genes were defined as the set of 3-PPI and 3-ANOVA significant genes. (2) The set of the general disease genes was based on the 'gene expression atlas' database (http://www.ebi.ac.uk/gxa/). This set included the genes that are significantly expressed in at least 50% out of 367 diseases that appeared in this database. (3) Let n denote the number of autoimmune genes, let m be the number of autoimmune genes that are also general disease genes, let N be the total number of genes and let M be the total number of general disease genes. The P-value related to enrichment of autoimmune genes with general genes is:
A significant P-value suggests that autoimmune genes tend to appear in many other diseases. The resultant P-value was not significant (0.48), suggesting that the autoimmune genes are not enriched with general disease genes.
GO enrichment GO enrichment analysis of genes with significant ANOVA P-values and/or of genes with significant PPI P-values (Po0.05 in both cases) was performed by DAVID 79 (http://david.abcc.ncifcrf.gov/). In all cases, we considered GO groups whose enrichment P-values passed FDR as was reported by DAVID (allowing FDR of o5%). In addition, we considered only GO groups from the biological process ontology.
Pathway enrichment
Pathway enrichments were performed based on the pathways of Ingenuity software (http://www.ingenuity.com/; see Supplementary Table 8) Let n i denote the number of genes in pathway i, let m i be the number of genes in pathway i that are ANOVA or PPI significant in a certain disease (y), let n be the total number of genes, and let M be the total number of ANOVA or PPI significant genes in the network. The enrichment P-value of pathway i in disease y is:
Controlling for the FDR
We used the MATLAB function, which is the implementation of Storey 80 for controlling the FDR, and we also report the results of the more strict approach of Benjamini and Hochberg. 81 In the case of the GO enrichment analysis that was performed by DAVID, we used the FDR filtering of DAVID.
Distances between the autoimmune diseases and their clustering Let D1 and D2 denote two autoimmune diseases.
The distance between D1 and D2, Dist(D1, D2), was defined as follows: (1) for each gene, g1i, in the data set corresponding to the disease D1 that was both ANOVA significant and PPI significant, find the distance to the closest gene in the PPI network that is ANOVA and PPI significant in the data set corresponding to the disease D2. Let d1i denote this distance. (2) Dist(D1, D2) is the mean d1i over all the genes g1i; Dist(D1, D2), ¼ meani d1i.
At the next step, we generated a symmetric distance measure between the diseases: SymDist(D1, D2) ¼ Dist(D1, D2) þ Dist(D2, D1). We used these distances to generate a clustering of the diseases based on the MATLAB implementation of hierarchical clustering (with default parameters).
To evaluate the robustness of the clustering, Jackknifing (see, for example,Shao and Tu 82 ) was performed as described below: Repeat 100 times: (1) Randomly select 80% of the genes. (2) Run the steps described above to generate a hierarchical clustering. (3) Count for each edge (that is, a partitioning of the leaves) in the hierarchical clustering ( Figure 4 ) the number of times it appears in the resultant random sampling.
Disease-specific clustering
To find clusters of genes that are specific to different diseases (Figure 2b ), we performed the following steps. For each disease we considered the graph that is induced by genes with both ANOVA and PPI significant P-values (P-value p0.05), and that are not significant in any other disease. In addition, both nodes in each edge in the graph should be significant in the same disease.
Fold change
To estimate the fold change in one condition vs another (for example, relapse vs remission), taking into account the batch effects and additional variables, we performed a multivariate linear regression (see, for example, Pedhazur 83 ) in which the binary variable (patient with a disease or healthy subject) is the dependent variable and all the variables mentioned in the ANOVA computation are the independent variables (a different set of variables for each disease). The scan date was represented by a set of dummy binary variables, and other variables were either continuous or binary. The sign of the coefficient related to the expression levels determined the fold in one condition vs the other. For example, in the case of the MS database we set the dependent variable to be '1' in the case of a patient with MS (and '0' otherwise-that is, for healthy subjects). Thus, a positive coefficient of the expression levels variable corresponds to increased expression levels of the gene in MS in comparison to the control.
Similar results were obtained when we used partial correlations (Spearman's or Pearson's) between the MS/Healthy variable and the expression levels given all the other variables.
